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Abstract Spatially explicit data on heterogeneously
distributed plant populations are difficult to quantify
using either traditional field-based methods or remote
sensing techniques alone. Unmanned Aerial Vehicles
(UAVs) offer new means and tools for baseline
monitoring of such populations. We tested the use of
vegetation classification of UAV-acquired pho-
tographs as a method to capture heterogeneously
distributed plant populations, using Jacobaea vulgaris
as a model species. Five sites, each containing 1–4
pastures with varying J. vulgaris abundance, were
selected across Schleswig–Holstein, Germany. Sur-
veys were conducted in July 2017 when J. vulgaris
was at its flowering peak. We took aerial photographs
at a 50 m altitude using three digital cameras (RGB,
red-edge and near-infrared). Orthomosaics were cre-
ated before a pixel-based supervised classification.
Classification results were evaluated for accuracy;
reliability was assessed with field data collected for
ground verification. An ANOVA tested the relation-
ship between field-based abundance estimations and
the supervised classifications. Overall accuracy of the
classification was very high (90.6%, ± 1.76 s.e.).
Kappa coefficients indicated substantial agreement
between field data and image classification (C 0.65).
Field-based estimations were a good predictor of the
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supervised classifications (F = 7.91, df = 4,
P = 0.007), resulting in similar rankings of J. vulgaris
abundance. UAV-acquired images demonstrated the
potential as an objective method for data collection
and species monitoring. However, our method was
more time consuming than field-based estimations due
to challenges in image processing. Nonetheless, the
increasing availability of low-cost consumer-grade
UAVs is likely to increase the use of UAVs in plant
ecological studies.
Keywords Drones  Invasive species  Ragwort 
Senecio jacobaea Uninhabited aerial vehicle Weeds
Introduction
Vegetation monitoring protocols use survey tech-
niques ranging from traditional field sampling to
remotely sensed data. Traditional field-based methods
such as point intercept and the Braun-Blanquet
method collect accurate data at high spatial resolutions
(Sutherland 2006; Daubenmire 1959); however, these
methods are often limited to a small spatial extent
because field surveys are often conducted in relatively
small sampled areas (Kerr and Ostrovsky 2003). They
do not always allow an accurate extrapolation of
information to the whole landscape, particularly if
objects of interest are irregularly distributed (Shuman
and Ambrose 2003). Another downside of using
traditional field-based surveys for large-extent areas
is that they require considerable investment of time
and effort (Phinn et al. 1996). Remote sensing-based
(RS) techniques, on the other hand, capture data at
large spatial extents and are less laborious to acquire
than traditional field-based survey. Various optical
systems such as IKONOS, Quickbird and RapidEye
provide very high-resolution imagery of less than five
metres per pixel (Gillespie et al. 2008; Wang et al.
2010). However, many RS products are expensive to
obtain. For example, a minimum order of 25 km2 of
Quickbird 3-band data costs $17.50 USD/km2 (Land-
info 2018). While free data are available from the
NASA Landsat satellite series and the European Space
Agency Sentinel missions, some of these open-source
datasets have coarse spatial resolutions and are hence
limited to applications of land-cover changes and
habitat mapping, for example (Ostrom and Nagendra
2006; Nagendra and Rocchini 2008). Automated
identification of a species of interest from RS data is
also challenging, especially in the case of complex
landscape mosaics with diverse vegetation cover
(Diaz-Varela et al. 2014). Therefore, neither tradi-
tional field-based methods nor RS can efficiently and
adequately capture the spatial distribution of highly
heterogeneously distributed plant populations. The
increasing availability of multispectral sensors
mounted on Unmanned Aerial Vehicles (UAVs) thus
offers new means to address this gap in observational
methods to sample heterogeneously distributed plant
populations (Hodgson et al. 2017).
UAVs were initially developed and used in the
military and defence industry (Horcher and Visser
2004). In present day, the rapid development of UAVs,
more commonly referred to as drones, makes them
increasingly affordable for a multitude of research
purposes. For example, UAV-acquired data can
provide cloud-free and very high-resolution digital
imagery for vegetation monitoring at a landscape level
or the characterization of small-scale landscape fea-
tures (Jones et al. 2006). Apart from commercial and
professional drones, consumer drones are also avail-
able as off-the-shelf products. Consumer drones are
increasingly becoming more user-friendly to operate
(e.g. in-built flight automation, image processing
tools), giving users more flexibility in deploying
UAVs in research. Therefore, UAVs are progressively
used in ecological research such as tracking tropical
forest recovery, tree height quantification, monitoring
of wildlife and illegal forest activities (Koh and Wich
2012; Zarco-Tejada et al. 2014; Zahawi et al. 2015;
Ezat et al. 2018).
Hyperspectral imagery is also used to calculate
vegetation indices that provide details on soil condi-
tions, pathogens or drought stress (Thenkabail et al.
2011; Mulla 2013). With current advancements in
sensor technologies, UAVs can be configured to carry
cameras retrofitted with specialised filters, enabling
the capture of spectral bands beyond the visible
spectrum. Hence, apart from the Red–Green–Blue true
colour images, it is also possible to capture near-
infrared and thermal images. Therefore, UAV-ac-
quired high-resolution multispectral imagery provides
additional spectral information which presents new
research opportunities such as computing vegetation
indices at a fine scale to understand local soil
conditions, and distinguishing plants from water
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bodies (Berni et al. 2009; Hou and Walz 2013; Mirik
et al. 2013; Candiago et al. 2015). At present, UAVs
are widely used as a tool in precision agriculture
(Bendig et al. 2012; Zhang and Kovacs 2012). For
example, UAVs are used for weed mapping in a
homogenous crop field. This is possible due to spectral
differences between crops, bare soil and weeds,
providing landowners with information to apply site-
specific weed control treatment (Torres-Sánchez et al.
2013; Peña et al. 2013). Compared to a homoge-
neously managed crop field, it is more challenging to
map the occurrences of heterogeneously distributed
plant populations on, for example, non-intensively
managed pastures. Therefore, this study aims to
address this challenge by investigating the use of
UAV as a tool for data collection for baseline
monitoring of heterogeneously distributed plant pop-
ulations. Vegetation classification using UAV-ac-
quired photographs will be tested as a method to
capture plant distribution across a landscape. Ideally,
the targeted plant species to test this method should
have prominent presence in the landscape and be
highly visible from aerial photographs. Considering
these criteria, the model species selected for this study
is Jacobaea vulgaris.
Jacobaea vulgaris is a native species in Europe.
However, there has been concern over the increasing
abundance of J. vulgaris over the last few years. The
species is undesirable to beekeepers and landowners
due to its toxicity to humans and livestock. It is highly
competitive in dispersing, establishing and persisting
on abandoned arable fields (Suter et al. 2007; Carvalho
et al. 2013). The increase in its spread is attributed, but
not restricted, to modifications in land management
practices where high occurrences of J. vulgaris are
related to extensively managed pastures with contin-
uous-extensive grazing and low nitrogen fertilisation
(Suter et al. 2007). For example, in the federal state of
Schleswig–Holstein in northern Germany, J. vulgaris
is reported to be increasing in abundance (Neumann
et al. 2015). Some 19,600 ha of grasslands are
currently extensively managed by local private non-
governmental organisation (NGO) for landscape and
nature conservation purposes. However, the vegeta-
tion gaps due to grazing and bare soil conditions
favour the proliferation of J. vulgaris (Suter et al.
2007). The abundance of J. vulgaris is currently
monitored by a local NGO for nature conservation.
However, broad estimations such as ‘few’ or ‘many’
are used, based on the number of individuals observed
per 100 m2. These estimations give only an overall
high or low abundance of J. vulgaris but do not capture
the spatial distribution of J. vulgaris within the
pasture. This spatially explicit information is vital
towards a better understanding of the population
dynamics of J. vulgaris. It is also beneficial for
stakeholders to identify areas within the pastures with
the highest abundance of J. vulgaris and address the
situation with the most effective and optimised
management methods.
In this study, we tested the use of high-resolution
UAV-acquired photographs to provide spatially expli-
cit information on J. vulgaris distribution and to
quantify the abundance of J. vulgaris at a landscape
scale. We deployed flights with an UAV and took
aerial photographs of sites with flowering J. vulgaris.
All aerial photographs were mosaicked and orthorec-
tified prior to quantifying the abundance of J. vulgaris
at each site. The accuracy and reliability of this
quantification was evaluated with field observation
data collected from each site. Finally, we discuss the




The study was conducted in Schleswig–Holstein,
Germany (Fig. 1). The climate is humid and maritime
with an annual precipitation varying from 600 to
850 mm, a mean temperature of 17 C in summer and
2 C in winter (Climate-Data.org 2017). The region is
characterised into five natural landscapes: Marsh-
lands, High Geests (Saalian sandur plains), Lower
Geests (Weichselian sandur plains), Uplands (mor-
ainic, loam) and Lakes (LLUR 2012). Soil types
depend on these parent materials, ranging from the
glacial moraine ridge sandy loam to Holocene marine
silt and clay (LLUR 2012). Arable fields (41% of the
total area) and grasslands (32.6%) dominate the
landscape (Heydemann 1997).
Sampling site selection
Five sampling sites of interest were selected for data
collection. All sites were managed by a local nature
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conservation foundation (Stiftung Naturschutz Sch-
leswig–Holstein, SN-SH). Sites selection was based
on the following criteria. Firstly, each site contained
one to four clusters of pasture with varying abundance
of J. vulgaris. The categories of varying abundance
were derived by independent contracted professionals
who had systematically mapped the abundance of J.
vulgaris in each pasture based on a visual estimation of
the number of individuals per 100 m2 and classified
the abundance into different frequency classes. These
classes were ‘None’, ‘Singles’, ‘Few’, ‘Moderate’ and
‘Many’. These systematic surveys were carried out in
2015, and again in 2017. In addition, staff members of
the SN-SH have been monitoring the abundances and
fluctuations of J. vulgaris continuously. Secondly, the
size of each pasture was between 0.5 and 2.0 hectares
so that images obtained from each pasture were not too
computationally heavy but still large enough for
comparison across landscapes. Thirdly, all landscapes
were accessible by vehicle to ensure safe and easy
transportation of the UAV to the location. Lastly, all
necessary permissions were obtained from the respec-
tive stakeholders to ensure that no wildlife or livestock
was disturbed. To ensure that an optimal abundance of
J. vulgaris was captured on the aerial photographs,
flights were conducted from early- to mid-July 2017,
when J. vulgaris flowering was at its peak and prior to
potential mowing.
UAV system and flight navigation
We deployed a Falcon 8 octocopter (Ascending
Technologies, Krailling, DE) and used Google Maps
satellite images to prepare the flight plans of the
pasture of interest. These images were imported into
AscTec Navigator (Version 3.4.3) to prepare the
UAV’s flight routes for each pasture of interest.
To acquire the aerial photographs, we used three
Sony Alpha 6000 digital cameras: (i) Red–Green–
Blue (RGB), (ii) red-edge and (iii) near-infrared
Fig. 1 Map of the states of Germany. Inset map showing the federal state of Schleswig-Holstein, crosses indicating locations of sites of
interest. Projection: ETRS 1989 UTM Zone N32
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(NIR). Without modifications, this camera produces
regular RGB true colour imagery. The red-edge and
NIR cameras were retrofitted with modification filters
to capture infrared images (false colour; Llewellyn
Data Processing, Carlstadt, USA). The models were
XNiteSonyNEX7 NDVI Blue-Green-infrared
680–800 nm (replacing the red band with the infrared
band, also referred to as red-edge camera) and
XNiteSonyNEX7 NDVI Green–Red-infrared
800–900 nm (replacing the blue band with the infrared
band, also referred to as the NIR camera). Living green
vegetation appeared red and blue with the red-edge
and NIR camera, respectively. All cameras were
equipped with a full frame Advanced Photo System
type-C sensor with ISO values ranging 100–16,000,
and an image resolution of 24 megapixels
(6000 9 4000 pixel).
Aerial photographs were taken at an altitude of
50 m above the UAV’s take-off point. Each flight
route was flown with each respective camera. To
ensure that photographs had sufficient overlap for a
successful image mosaicking, flight routes were
planned with the default settings in the AscTec
Navigator using crosscheck overlap of 70% and
along-track overlap of 30%. All photos were captured
in RAW file format to allow for manual post hoc
modification of photos if deemed necessary.
Data processing
To aid the mosaicking process of the aerial pho-
tographs, each photo contained its geographical loca-
tion information. We extracted these data from the
UAV flight log using the AscTec Navigator software
which then automatically tags the geographical loca-
tion of each photo. Photos were subsequently imported
into the photogrammetric processing application
Agisoft PhotoScan Professional (Version 1.3.1, Agi-
soft, St. Petersburg, RUS). The photogrammetric
processing steps included camera alignment, building
a dense point cloud and building a 3Dmesh to generate
the final orthomosaic. Some images were excluded
due to low image quality caused by, for example, wind
gusts or changing light conditions. To ensure that the
resolution was high enough to identify J. vulgaris
flower heads, orthomosaics were exported with pixel
size corresponding to a spatial resolution of 1 cm.
Orthomosaics were classified using a pixel-based
supervised classification in ArcGIS (Version 10.5,
ESRI, Redlands, CA, USA). The first step to classify
each orthomosaic was to create training polygons.
These training polygons were created by grouping
some similar coloured pixels, via visual analysis, with
polygons and assigning them to their respective
category. These categories were defined by the user.
For example, in the RGB orthomosaics, J. vulgaris
flower heads were observed as yellow pixels. Some of
these pixels were grouped together into polygons and
assigned to the category ‘JKK’ (the German vernac-
ular name for J. vulgaris is Jacobskreuzkraut). Sim-
ilarly, some greenish pixels of grasses and trees were
grouped together and assigned to the category ‘veg-
etation’. This step was repeated until all possible
categories such as ‘JKK’, ‘Vegetation’ and ‘bare soil’
were defined and assigned some trained polygons.
Finally, all training polygons of the different cate-
gories were used to create a signature file, which
contained the information of the average pixel value of
each defined category. The signature file was then used
for a supervised classification with the maximum
likelihood classifier approach to assign every pixel in
the whole orthomosaic into the user-defined category
(Fig. 2 bottom row panels). To ensure that classifica-
tion was as accurate as possible, training polygons and
signature files were created for each orthomosaic
separately.
Ground verification
To validate the accuracy and reliability of the super-
vised classification of the UAV-acquired photographs,
ground verification was carried out on each pasture
containing J. vulgaris. Due to the range of J. vulgaris
abundance across the pastures, there was no universal
sampling method for the ground verification that
would capture the abundance accurately. Thus, two
different sampling methods were used to obtain data
for ground verification. For pastures with high J.
vulgaris abundance (C 0.25 individuals/m2), five
2 9 2 m quadrats were randomly selected within each
pasture. The geographic locations of the corners of
each quadrat were recorded with a GPS with vertical
accuracy of 1 cm (Fig. 2). The abundance cover in
percentage of J. vulgaris was estimated visually in
each quadrat. For pastures with low J. vulgaris
abundance (\ 0.25 individuals/m2), the geographic
locations of J. vulgaris plants were mapped individ-
ually. All ground verifications were done using a Leica
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GS09 differential GPS (Leica Geosystems, Heer-
brugg, CH).
Data analysis
All classified orthomosaics were investigated for
accuracy by conducting an accuracy assessment test
in ArcGIS 10.5 (Laliberte et al. 2010). A random point
sampling approach with 100 points across the classi-
fied categories was generated across each classified
orthomosaic. Two columns of data were recorded
(i) assigned class provided by the supervised classi-
fication and, (ii) assigned class according to a visual
interpretation of the original orthomosaic. These data
were used as input variables to create a confusion
matrix (also called a contingency table) in ArcGIS
10.5. A confusion matrix compares response variables
of two independent datasets whereby the major
diagonal shows the agreement between the datasets
(Story and Congalton 1986). Then a kappa coefficient
was calculated from the confusion matrix to determine
the precision of the supervised classification of each
orthomosaic (McHugh 2012). To test the reliability of
the classification for the quadrat sampling, a linear
regression model was fitted to field observations and
the supervised classification (total of 25 2 9 2 m
quadrat in N = 5 pastures). For the point-based field
mapping of J. vulgaris individuals, a percentage of
agreement was computed between GPS point mapped
data and the supervised classification (N = 5 pastures,
total 367 points). A one-way ANOVAwas fitted to test
the relationship between the professionals’ visual
field-based abundance estimation and our UAV-based
quantification. All statistical analyses were performed
in R (R Core Team, Vienna, AT 2017).
Results
We surveyed five sites with a total of 13 pastures. The
mean accuracy from the supervised classification was
90.6% (± 1.76 s.e.; Table 1). The Kappa coefficients
from all the classified orthomosaics were 0.65 or
higher (Table 1). According to the qualitative scale
developed by Landis and Koch (1977) for the Kappa
coefficient, a kappa value ranging from 0.61 to 0.80
indicates that there is substantial agreement between





colour RGB orthophotos are
shown in the top row panels,
whereas the result of the
supervised classification is
shown in the bottom row
panels. The orange circles
on the left-side panels
indicate the location of
individual J. vulgaris plants
mapped with a differential
GPS as ground verification
for low-density populations.
The blue squares on the
right-side panels delineate






1144 Plant Ecol (2018) 219:1139–1150
the overall supervised classification and the visual
interpretation of the orthomosaic.
The linear regression model showed a strong
relationship between field-based quantification and
image classification of aerial images (Fig. 3;
F = 90.71, df = 23, P\ 0.0001, R2adj ¼ 0:7889) for
high J. vulgaris abundance, although the model had
systematically underestimated the logit-transformed J.
vulgaris abundance by a factor of 2.10 (Fig. 3; slope of
regression model, a = 0.47764).
For low J. vulgaris abundance, image classification
had an average percentage of agreement of 63.3%
(± 14.4 s.e.) to the ground verification data (Table 2).
The one-way ANOVA showed that the visual
abundance estimation by the external professionals
was a good predictor of the supervised classification
(Fig. 4; F = 7.91, P = 0.007), and resulted in similar
ranking of J. vulgaris abundance. A Tukey HSD test
further showed that the categories ‘None’ and ‘Many’
Table 1 Proportion of agreement and kappa coefficient for each pasture to evaluate the accuracy of the supervised classification
Site Assigned classification by SN-SH Accuracy of supervised classification (%) Cohen’s kappa coefficient
Johannistal Few 94.7 0.911
Plöner see Many 96.0 0.695
Few 98.2 0.899
None 98.2 0.871
Postseefeldmark Many 91.3 0.754
Few 84.2 0.657
Singles 86.7 0.755
Röbeler Moor Many 98.9 0.955
Singles 83.3 0.776
None 82.2 0.681
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were the only categories that differed significantly
from each other (P = 0.004).
Preliminary processing of the red-edge and NIR
orthomosaics for image classification was challenging
because of the low contrast between the flowers and
the surrounding environment. Moreover, some aerial
photographs were not aligned successfully because of
poor quality caused by wind gusts. Thus, the super-
vised classifications for red-edge and NIR orthomo-
saics were more erroneous and kappa coefficients
calculated were much lower compared to those of the
RGB orthomosaics (see Supplementary Material
Table S1). In addition, the NIR camera was faulty
halfway through the fieldwork season, resulting in the
loss of NIR orthomosaics for some pastures.
Nonetheless, analysis and comparison between avail-
able infrared and RGB orthomosaics showed that true
colour imagery was the best option for species-specific
classification and quantification in a heterogeneous
landscape. Therefore, all analyses were based on the
RGB orthomosaics only.
Discussion
We explored the suitability of UAV-acquired images
to quantify a heterogeneously distributed species of
interest. Our results indicated that the supervised
classification was generally accurate and reliable for
image classification; however, the supervised
Table 2 Degree of agreement between individually mapped Jacobaea vulgaris compared to classified orthomosaic
Site Assigned classification by
SN-SH
No. J. vulgaris mapped
on-site




Johannistal Few 139 123 88.5
Postseefeldmark Few 62 47 75.8
Postseefeldmark Singles 17 0 0
Röbeler Moor Singles 50 41 82.0











of Tukey HSD test shown to
see which category is
different from each other
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classification had systematically underestimated the
abundance cover of J. vulgaris (Fig. 3). During the
field-based quantification for ground verification, the
whole rosette of the plant was taken into considera-
tion. Image classification only quantified the abun-
dance based on the aerial coverage of flower heads,
hence the underestimation. Therefore, this underesti-
mation was not caused by poor image quality. These
classification results illustrated the potential of using
high-resolution UAV-acquired images as an objective
method for data collection and quantifying heteroge-
neously distributed plant populations. However, the
accuracy of the supervised classification varied with
some orthomosaics showing lower kappa coefficients
than others. For those orthomosaics, poor image
quality was the main cause of misclassification.
Misclassification
For an objective quantification or identification of a
species of interest, it is important that the pixel-based
supervised classification is as precise as possible.
Misclassification is most commonly due to poor image
quality that leads to incorrect training and reference
data (Graça et al. 2017). In our study, poor image
quality was mainly caused by varying weather condi-
tions and by insufficient overlap between the UAV-
acquired images.
We were able to obtain the clearest and highest
image quality during constant light and low wind
conditions. However, situations such as wind gusts
and passing clouds compromised the image quality by
producing blurry photos and images that were dark
and with low contrast. This poor image quality is a
challenge at various stages of the analysis, from data
post-processing to the classification process. Firstly,
blurred images often lead to unsuccessful alignment
because the software was unable to identify the points
of similarity on blurred images. Secondly, orthomo-
saics that were successfully produced, despite some
low-quality photos, performed poorly in the classifi-
cation process because the blurred photos still reduced
the contrast and sharpness of the colour of each pixel.
The presence of other similar looking vegetation can
conflate with the targeted species during the classifi-
cation process and cause an overestimation. For
example, when we carried out the flights, some other
plants with yellow flowers were also present. To
minimise this problem, we scheduled fieldwork at the
time where J. vulgaris was at the peak of its flowering
phase and when other plants were done flowering.
Nonetheless, some species misclassification could not
be avoided.
Misclassification can be minimised with better
image quality, which usually involves adopting sensor
correction techniques such as noise reduction and lens
distortion correction to improve image quality (Kelcey
and Lucieer 2012). Also, radiometric processing with
in situ irradiance measurements for atmospheric
correction can greatly enhance image quality, but it
is complicated and costly (Honkavaara et al. 2013).
Additionally, increasing the degree of overlap
between each image increases the success of creating
the orthomosaic because it is easier for the pho-
togrammetric processing software to identify similar
points on the images (James et al. 2017). For example,
Lu and He (2017) carried out their UAV-based survey
with an 85% along-track overlap. This was much
greater than the 30% used for our survey. However,
these solutions will also lead to increase number of
images, resources and computational time involved in
pre- and post-processing of the data.
Multispectral imagery
The availability of infrared cameras provided addi-
tional spectral bands that were useful to help differ-
entiate J. vulgaris from the surrounding vegetation.
However, we only had the raw digital numbers (from 0
to 255) of the pixels of the generated orthomosaic. It is
generally recommended to calibrate digital numbers
into reflectance values by using ground measurements
taken with a spectro-radiometer (Diaz-Varela et al.
2014; Candiago et al. 2015). This is especially relevant
in a temporal analysis to standardise varying illumi-
nation conditions (Lu and He 2017). These reflectance
values contain important information about critical
spectral properties and signatures that are unique to
certain plant species or to a plant community (Curran
1989; Carvalho et al. 2013). Spectral properties can be
used to identify plant species (Buddenbaum et al.
2005; Asner and Martin 2011) and analyse plant
structure and chemical contents (Knox et al. 2010;
Carvalho et al. 2013). However, infrared images
frequently have problems such as low signal, high
noise, low contrast and low brightness (Lin 2011). To
enhance image quality, image pre-processing such as
noise removal and contrast enhancement are required
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(Wang et al. 2006; Liang et al. 2012). However, these
enhancement algorithms are complex and were
beyond the scope of this study. Nonetheless, these
solutions could be applied to future studies to explore
the full potential of multispectral photographs
acquired from a UAV.
Can drones complement current methods
for vegetation monitoring?
The use of UAVs in ecological research has increased
over the past few years. Vegetation monitoring is just
one of the many uses of UAV technology. Studies
using an UAV will most likely increase, especially
with the availability of low-cost consumer drones (see,
e.g. Ivošević et al. 2015; Bevan et al. 2016; Wilson
et al. 2017). In addition, commercial off-the-shelf
cameras for UAVs are becoming more common and
affordable to support multispectral imagery (Berra
et al. 2017). This opens opportunities for research
because of the flexibility and lower cost compared to
professional research drones like the one in this study.
Aerial images are especially relevant in landscapes
with heterogeneously distributed plant populations
because field surveys are unable to provide spatially
explicit information of the whole landscape. In
addition, various photogrammetry packages provide
the option of building 3D digital surface models.
These models could be used to explore spatio-tempo-
ral patterns in growth processes and successional
stages of vegetation (Lu and He 2017). The decision of
whether to use an UAV, remote sensing or field-based
survey techniques depends largely on the goals and
scale of the project. Field-based techniques will
remain an integral part of vegetation surveys because
of their precision in providing information regarding
species identification and soil conditions. The UAV-
based methodologies show potential in terms of
species recognition from spectral information. How-
ever, the use of UAV in species-specific projects is still
in the early stages of development. Field-based data
will remain important to validate the accuracy and
reliability of UAV-acquired data. Nevertheless, UAV
surveys show potential as a mechanism to complement
field-based surveys and increase the efficiency of
vegetation sampling, especially for larger landscape-
scale projects (Shuman and Ambrose 2003).
Conclusion
The successful use of UAV-acquired high-resolution
photographs for vegetation classification to quantify J.
vulgaris abundance demonstrated the potential as an
objective method for monitoring other species as well.
Our method did not provide higher accuracy because
the initial categories derived from visual abundance
estimation were equally good predictors of the quan-
tification by the supervised classification. Moreover,
our method was more time consuming than field-based
surveys because of the logistical work during pre-
flight and heavy computation work during post-flight
for image processing. Nonetheless, our study still
highlights the vast potential of using UAV-acquired
images to provide baseline information and spatially
explicit distribution of diverse species that are present
and that may become of interest at a later stage.
Together with the increasing availability of low-cost
consumer-grade UAVs with their more user-friendly
interface (e.g. in-built flight navigator, image ortho-
mosaicking tools), it is highly possible to expect an
increased use of UAVs in future ecological studies.
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